Parametric optimization for floating drum anaerobic bio-digester using Response Surface Methodology and Artificial Neural Network  by Sathish, S. & Vivekanandan, S.
Alexandria Engineering Journal (2016) 55, 3297–3307HO ST E D  BY
Alexandria University
Alexandria Engineering Journal
www.elsevier.com/locate/aej
www.sciencedirect.comORIGINAL ARTICLEParametric optimization for floating drum
anaerobic bio-digester using Response Surface
Methodology and Artificial Neural Network* Corresponding author.
E-mail address: sathishamg88@gmail.com (S. Sathish).
Peer review under responsibility of Faculty of Engineering, Alexandria
University.
http://dx.doi.org/10.1016/j.aej.2016.08.010
1110-0168  2016 Faculty of Engineering, Alexandria University. Production and hosting by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).S. Sathish *, S. VivekanandanDepartment of Mechanical Engineering, Annamalai University, IndiaReceived 27 July 2015; revised 27 July 2016; accepted 16 August 2016
Available online 28 September 2016KEYWORDS
Biogas yield;
Optimization;
Temperature;
Anaerobic digestion;
RSM;
Artificial Neural NetworkAbstract The main purpose of this study to increase the optimal conditions for biogas yield from
anaerobic digestion of agricultural waste (Rice Straw) using Response Surface Methodology (RSM)
and Artificial Neural Network (ANN). In the development of predictive models temperature, pH,
substrate concentration and agitation time are conceived as model variables. The experimental
results show that the liner model terms of temperature, substrate concentration and pH, agitation
time have significance of interactive effects (p< 0.05). The results manifest that the optimum pro-
cess parameters affected on biogas yield increase from the ANN model when compared to RSM
model. The ANNmodel indicates that it is much more accurate and reckons the values of maximum
biogas yield when compared to RSM model.
 2016 Faculty of Engineering, Alexandria University. Production and hosting by Elsevier B.V. This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
Nowadays, due to population explosion the increase in energy
consumption, a substantial rise in the use of fossil fuel, its cost
and green house effects and rare utility of natural energy
resources have kindled huge public awareness toward global
energy production [1]. Major factors such as environmental
conditions, global warming and sustainable energy growth
are prompting the scientists to explore possibilities of produc-
ing low cost, and environmental eco-friendly alternative energy
resources [2]. The unified bio-refinery is a formation, where
biomass is commuted into fuels and biogas of high energyvalue with minimal waste generation [3]. The anaerobic diges-
tion is one of the biological processes. In this process organic
waste materials are converted into useful biogas [4].
The biogas is a type of biofuel. It is produced in aerobic and
anaerobic manner of organic materials [5].
Generally biogas generation is mainly based on the growth
of methanogenesis bacteria and micro organisms’ presence in
the bio-wastes. The growth of methanogenesis bacteria mainly
depends upon different operating parameters such as pH
value, temperature (T) and organic loading rate (OLR), hydro
retention time (HRT) and design of the digester [6]. It is one of
the complex processes with a number of synergistic controlling
factors. At agricultural and industrial level, even a small
improvement in the process, gives greater yields which may
be commercially successful.
The biogas optimization process is a major field of research
in the area of agricultural and industrial bio technology [7]. A
Nomenclature
T temperature, C
Tj predicted biogas from observation
P total number of data observations
Oj experimental output from observation
R2 absolute fraction of variance (or) correlation coef-
ficient
CH4 methane
CO2 carbon di oxide
NH3 ammonia
RSM Response Surface Methodology
ANN Artificial Neural Network
OLR organic loading rate
HRT hydro retention time
CCD Central Composite Design
CV coefficient of variance
MAE mean absolute error
SC substrate concentration
AT agitation time
ANNOVA analysis of variance
BPNN Back Propagation Neural Network
3298 S. Sathish, S. Vivekanandanlarge amount of solid waste is produced each year in India.
Agricultural and industrial activities are the main sources of
these solid wastes. Among agricultural wastes, rice straw is a
major waste available in Tamil Nadu. Rice straw is rich in pro-
tein, glucose and starch. Rice straw has a high content of lig-
nocellulosic fiber (6–26% of the mass of waste material) [8].
The previous study, incurs that the optimal pH (acid pro-
duction) ranges with various substrate concentrations for
anaerobic digestion producing biogas 6.8–7.4 [9]. Basically,
the growth of methanogen bacteria can be highly reduced
when the pH range is less than 6.6 [10]. The Carbon/Nitrogen
ratio of biogas production from rice straw is found the bestFigure 1 Schematic view o
Table 1 Levels of factors and variables used for optimization.
Factors Name Range of variables (
2
A T (C) 40
B pH value 6.8
C SC (kg) 90
D AT (s) 2ratio between 20:1 and 30:1 [11]. The Response Surface
Methodology is one of the optimizing tools for analyzing sev-
eral independent factors in response to expected dependent
variables, because it integrates mathematical and statistical
techniques [12]. The recent studies indicate that a response sur-
face method was explicated degradation for computing the
CH4 yield for glucose degradation by a combined continuous
and batch anaerobic mesophilic range under different experi-
mental conditions [13]. The ANN is suitable for growing of
bioprocess models and ANN models are purely data-based.
The data virtually used in ANN architecture are multi-
layered and approximates nonlinear relationships exitingf the experimental setup.
coded)
1 0 +1 +2
45 50 55 60
7.0 7.2 7.4 7.6
100 110 120 130
4 6 8 10
Table 2 Response values for different experimental conditions.
Run A B C D Biogas yield liters
Factors EXP RSM ANN
1 50 7.2 90 6 723 737 731
2 50 6.8 110 6 394 401 389
3 50 7.2 110 6 410 424 417
4 45 7.4 100 4 392 397 388
5 55 7 120 4 328 332 327
6 55 7.4 100 4 422 430 427
7 50 7.2 110 6 411 422 419
8 50 7.2 110 6 404 398 410
9 45 7.4 120 4 438 451 442
10 50 7.2 110 6 388 401 392
11 40 7.2 110 6 372 386 378
12 45 7 100 4 385 399 391
13 55 7.4 120 8 730 747 740
14 50 7.2 110 6 351 360 357
15 45 7 100 8 440 449 444
16 50 7.6 110 6 367 380 373
17 50 7.2 130 6 380 397 390
18 50 7.2 110 6 749 767 761
19 60 7.2 110 6 396 412 407
20 55 7 120 8 712 730 722
21 55 7 100 8 453 469 461
22 45 7.4 100 8 460 480 473
23 55 7.4 100 8 723 746 737
24 50 7.2 110 10 378 391 377
25 50 7.2 110 2 733 746 742
26 55 7.4 120 4 412 424 415
27 45 7 120 8 220 237 231
28 55 7 100 4 310 321 317
29 45 7 120 4 473 480 475
30 45 7.4 120 8 450 461 456
Figure 2 Architecture of neural network.
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In the last 5 years ANN and RSM have been used in many
industrial sectors for estimating the interactive and individualeffect in biochemical conversion and thermo chemical conver-
sion process [15].
Table 3 Regression analysis of variance (ANOVA) of the model.
Source Sum of squares Degree of freedom Mean square F Value p-value prob > F
Model 0.619 14 0.044 220.57 0.001 < significant
A-temp 0.001 1 0.001 7.5 0.015
B-pH 0.001 1 0.001 6.005 0.027
C-sub 0.027 1 0.027 136.30 6.28
D-time 0.0007 1 0.0007 3.51 0.080
AB 0.0005 1 0.0005 2.52 0.13
AC 0.0007 1 0.0007 3.77 0.071
AD 0.001 1 0.001 5.26 0.036
BC 6.25 1 6.25 0.031 0.86
BD 0.001 1 0.001 9.006 0.008
CD 0.004 1 0.004 22.71 0.0002
A2 0.122 1 0.122 609.73 1.463
B2 0.177 1 0.177 886.71 9.28
C2 0.327 1 0.327 1632.95 1
D2 0.184 1 0.183 914.46 7.39
Residual 0.003 15 0.0002
Lack of fit 0.002 10 0.0002 2.23 0.19
Pure error 0.0005 5 0.0001
Cor total 0.622 29
Table 4 Response surface modeling.
SD = 0.014162 Mean = 0.454333 R-
square = 0.995166
Adj R-
squared = 0.980654
C.V.%= 3.117043 Pred R-
square = 0.975974
PRESS = 0.014952 Adeq
precision = 50.3884
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H2O
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8
 
CH4
þ 4a bþ 2cþ 3d
8
  
CO2 þ dNH3 ð1ÞAbove Eq. (1) represents the biochemical reaction mainly for
biogas production using anaerobic digestion process [16].
The present study mainly focuses on experimental investiga-
tion of biogas generation using agricultural waste with opti-
mization techniques using Response Surface Methodology
and Artificial Neural Network predictive model with various
process parameters affecting biogas yield. These results
obtained from RSM and ANN models are compared with
experimental results.Table 5 Optimum process variables for biogas yield.
T (C) pH SC (kg)
RSM 50 7.5 110.7
ANN 45 7.7 1202. Methods and materials
2.1. Digester feed
Agricultural waste (Rice Straw) was collected from the agricul-
tural farm located at local small town near Chidambaram. Ini-
tially, rice straw was cut to normally 5–10 cm length, washed
properly with tap water and then sundried. Finally it was
grinded to 2–3 mm size using a grinding machine and further
feeding treatment. The starter fresh cow manure 10 kg mixed
with equal quantity of water was used.
2.2. Experimental setup
The batch digestion test was carried out in a floating drum
anaerobic digester with a total capacity of 1 m3 and a working
volume at 700 l. The organic loading is done into the digester
with different loads of waste rice straw (90 kg, 100 kg, 110 kg,
120 kg and 130 kg) covered in a water bath with different tem-
peratures (40 C, 45 C, 50 C, 55 C and 60 C). It is Operat-
ing at thermophilic condition where electric heater was used as
a heating element. By adding 5% of NaOH the pH value is
maintained between 6.8 and 7.6 in the digester. Fig. 1 shows
the schematic view of the experimental setup. The agitation
time was measured daily and recorded (2, 4, 6, 8, and 10 s).
Biogas production is measured daily by using gas flow meter
for 30 days to measure hydraulic retention time. The pneu-
matic stirrer is used to agitate the digester slurry with an elec-
tric timer. A digital pH meter is used to measured the pH ofAT (s) Biogas yield liters
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Figure 3 Three-dimensional response surface plots for biogas production showing the interactive effects of pH value and temperature.
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Figure 4 Three-dimensional response surface plot for biogas production showing the interactive effects of substrate concentration and
temperature.
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3302 S. Sathish, S. Vivekanandanthe inside digester slurry. Temperature is measured using ther-
mocouples inside and outside of the digester.
3. Experimental design and analysis for Response Surface
Methodology
The experimental design used in process parameters affecting
on biogas production is carried out using the RSM. The
RSM is an aggregation of mathematical and statistical tech-
niques. It is very practicable for the optimization of industrial
and agricultural processes and chemical reactions commonly
used for experimental designs [17,18]. Response Surface
Methodology is used to evaluate the relationship between
response for biogas yield and independent variables, as well
as for optimizing the appropriate condition of variables in
order to predict model and to find the best values of responses
[19].
Central Composite Design (CCD) is perfect for consecutive
experimentation, as it permits the reasonable amount of data
to test lack of fit when a sufficient number of experimental val-
ues exist. The CCD and RSM were launched with the help of
design expert version 9.0 states – ease.inc. The four significant
parameters considered in this study are temperature, pH value,
substrate Concentration and agitation time, where A, B, C,
and D are the values for temperature, pH, substrate concentra-
tion and agitation time respectively. Table 1 shows the actualDesign-Expert® Software
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Figure 5 Three-dimensional response surface plot for biogas pro
temperature.and coded values of independent variables with experimental
ranges. Each independent variable is changed over five levels
between 2 and +2 at experimental ranges based on some
preliminary experimental studies [20].
The total number of experiments for the four factors is 30
(=2k + 2k+ 6), where k is the number of factors (k= 4).
Analysis of variance (ANNOVA) is used to the prediction
equation and following second order polynomial regression
Eq. (2) given below [21].
Y ¼ b0þ 2 biiXI þ b0þ 2 biiXi2 þ b0þ 2 bijXiXj ð2Þ
where Y is the measured response, b0 is the intercept term, bii
are quadratic coefficient, bij are interaction coefficient, and Xi
and Xj are coded independent variables.
4. Design of Artificial Neural Network
Neural network architectures based on the biological neuron
model have been developed for various applications over the
years. Though research in such architectures has wavered from
time to time, their usefulness in many applications has ensured
them a secure niche in Artificial Intelligence research. Neural
networks are used in speech recognition, electronics and
telecommunications, aerospace, medicine, banking and finan-
cial analysis, pattern recognition and other analytical areas.4  
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Figure 6 Three-dimensional response surface plot for biogas production showing the interactive effects of substrate concentration and
pH.
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The back propagation networks are typically multilayer
ANNs, usually with an input layer, one or more hidden layers
and an output layer. For the hidden layer neurons to serve any
useful purpose, they must have nonlinear activation (or trans-
fer) function. The most common nonlinear activation func-
tions include the following: log-sigmoid, tan-sigmoid,
Gaussian and softmax transfer functions. In a Back Propaga-
tion Neural Network (BPNN), learning is formulated as fol-
lows. The outputs of some neurons are fed back to the same
neurons of to neurons in preceding layer. This enables a flow
of information in both forward and backward directions, thus
providing the ANN with a dynamic memory [22].
Firstly, a training pattern is presented to the input layer of
the BPNN. The network propagates the input pattern from
layer to layer until the output pattern is generated by the neu-
rons in the output layer. If the output pattern is different from
the desired output, an error is calculated. This error is then
propagated backward through the network to the input layer.
As the error is propagated backward, the weights connecting
the neurons are adjusted by the back propagation algorithm.
Training a network by back propagation involves three stages:
the feed forward of the input training pattern, the back prop-agation of the associated error, and the adjustment of the
weights. In BPNN network [23], there are four important con-
siderations comprised in network designs. These are the net-
work architecture determination, hidden neuron number
determination, and epochs of the optimization. As shown in
Fig. 2 the network consists of three layers. The first layer,
which is the input layer, is triggered using the second layer that
is a hidden layer and the third layer is the output layer. A net-
work of these two transfer functions Gaussian and Sigmoid
can be trained to approximate function. In this study, four
inputs namely temperature (T), pH, substrate concentration
(SC) and agitation time (AT) are given as input to BPNN
(i.e. ANN with back propagation algorithm). Each parameter
is taken for 30 days. Therefore the input layers consist of 120
inputs and after that empirically analyzed for various numbers
of hidden neurons and epochs. The best result is obtained for
65 hidden neurons and 100 epochs respectively. Errors occur
from the absolute fraction of variance (R2), and mean absolute
error (MAE) percentage values. These are defined in following
Eqs. (3) and (4) respectively:
R2 ¼ 1
P
Jðtj OjÞ2P
JðOjÞ2
" #1
2
ð3Þ
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Figure 7 Three-dimensional response surface plot for biogas production showing the interactive effects of agitation time and pH.
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p
 X
J
ðtj OjÞ2ð3Þ ð4Þ
In above Eq. (4) where tj the predicted biogas from observa-
tion, Oj is the experimental output from observation, and p
is the total number of data observations.
5. Results and discussion
5.1. Optimization parameters for biogas production using
Response Surface Methodology
A total of 30 runs using the CCD response surface method
based on the experimental RSM and ANN model runs are
shown in Table 2. Table 3 represents the analysis of variance
(ANNOVA) of regression parameters of the prognostic
response surface quadratic model for biogas yield. Table 4
shows the Response surface modeling for biogas yield.
The model F-value of 220.57 and a low probability value
(Pr> F< 0.0012) show that the model was significant for
biogas yield. The Values of P> F less than 0.0500 be taken
that model terms are significant, although the values greater
than 0.1000 be taken that the model terms are not significant
[24]. In the adequate precision measure, the signal to noise
ratio is computed by separating the difference between the
maximum predictive and minimum predictive response of the
variables. A ratio greater than 4 is desirable [25]. The adequate
signal ratio indicated is 50.3884 [26]. The ‘‘model F-value” of220.58 implies that the model is significant. There is only
0.01% chance that an ‘‘F-value” of this large would occur
due to noise. The linear model terms of temperature (A), pH
(B), substrate concentration (C), and agitation time (D) were
significant (P< 0.05). The quadratic model terms of pH (B2)
and substrate concentration (C2) indicate that the two vari-
ables had individual effect on biogas yield. The interactive
effect for all of the factors was found to be insignificant
(P> 0.05) in Table 3. For biogas yield, the correlation coeffi-
cient (R2) of polynomial equation was found as 0.9951. The R2
value indicated a measure of variability in the observed
response values which could be described by independent fac-
tors. The final regression model terms represented by the
second-order polynomial Eq. (5) were derived to explain the
biogas yield (see Table 5).
Biogas ¼ 0:725þ 0:007917Aþ 0:007083Bþ 0:03375C
þ 0:005417Dþ 0:005625ABþ 0:006875AC
 0:00813AD 0:00063BC 0:01063BD
 0:01688CD 0:06677A2  0:08052B2
 0:10927C2  0:08177D2 ð5Þ
For biogas yield, the correlation coefficient (R2) of polyno-
mial equation is found as 0.9951. The R2 value indicated a
measure of variability in the observed response values which
could be described by independent factors. The value of corre-
lation coefficient (R2 = 0.9951) obtained from the present
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Figure 8 Three-dimensional response surface plot for biogas production showing the interactive effects of substrate concentration and
agitation time.
Figure 9 RSM and ANN predicted vs experimental biogas yield.
Figure 10 Training of ANN model with 100 epochs.
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R2 = 0.9806. High R2 values represent the good agreement
between the calculated and observed results of the experi-
ments. The R2 (pre) of 0.9759 is a reasonable agreement with
R2 (Adj) of 0.9806. The higher of CV, which gives the lower
reliability of the experiment but here a lower value of
3306 S. Sathish, S. Vivekanandan(3.11%), indicated a greater reliability of the experiment.
These models show standard deviation and mean values of
0.141 and 0.4543 respectively.
One variable kept at its central level with three dimensional
response surface plots was generated and the experimental
range varied with others. The interaction effects of biogas pro-
duction were studied by plotting 3D surface curves. The plot-
ting 3D surface curves of the calculated response (biogas yield)
from the interaction between the variables are shown in
Figs. 3–8. Figs. 3–5 show that the dependency of biogas pro-
duction increases with increase in temperature 50 C and there-
after biogas yield decreases with further increase in
temperature of the digester. Bacteria have a limited range of
temperatures for their activity. Usually, methanogens are very
sensitive to temperature changes. Previous studies [27] indi-
cated the optimum pH was lower than 6.3 or higher than 7.8
and if the pH dropped below 6.3, this might inhibit the
methanogenesis process.
The same trend is observed in Figs. 4, 6 and 7 which show
the dependency of biogas yield on acid production (pH). The
biogas yield increases with increase in pH 7.5 and thereafter
biogas yield decreases with further increase in pH. Figs. 3, 6
and 8 show the dependency of biogas yield on substrate con-
centration. The biogas yield increases with increase in sub-
strate concentration 110.70 kg and thereafter biogas yield
decreases with further increase in substrate concentration.
From the dependency of biogas yield in agitation time from
Figs. 5, 6 and 8 the biogas yield increases with increase in agi-
tation time up to 5 s and thereafter biogas yield decreases with
further increase in agitation time.
The optimum condition for maximum production of biogas
is determined by response surface analysis and is also esti-
mated by optimal tool using ‘‘Design Expert 9.0”. The exper-
iment optimal conditions are temperature (50 C), acid
production pH (7.5), substrate concentration (110 kg), and agi-
tation time (5 s).
5.2. Conditions for optimum response and model validation
The ANN and RSM are efficient tools to control and simulate
an anaerobic digestion process and the developed models
could effectively predict the biogas production and composi-
tion from the digester. Therefore Artificial Neural Network
analysis is utilized to confirm the validity of the statistical
experiment and to get a better understanding of biogas gener-
ation with various parameters. The comparison is based on the
factors such as MAE (%) and R2 of the model. The mean
absolute errors for ANN and RSM models are about 1.01%
and 1.98% respectively. The prognostic values of ANN and
RSM are represented in Table 2.
Fig. 9 shows the curve of R2 from the RSM and ANN and
the value of the R2 for RSM and ANN was 0.991 and 0.998
respectively. The high value of R2 shows that the model is used
for the prediction of biogas yield from rice straw and the
obtained data fitted to estimated curve of R2 and also the high
value of R2 indicates that the model is useful for the prediction
of biogas yield. Based on the previous study [28] on co-
digestion of manure with rice straw, the biogas yield was
enhanced, when compared to the single fermentation and the
results show lower methane yield (537 ml CH4/g Vs). The R
2
value is an indication of the correlation between the outputsand the targets. Therefore, a high value of R2 indicates a closer
relationship experimental result.
The Performance of the ANN model training is shown in
Fig. 10. The ANN model values fitted well with the experimen-
tal values. The RSM based predictive values show higher devi-
ation than ANN. It can be concluded that the proposed neural
network model is capable of predicting the outcomes of biogas
production from the anaerobic digestion process.
6. Conclusion
The factors of temperature and substrate concentration show
the most significant effect. Increasing the temperature and sub-
strate concentration can significantly enhance the biogas yield.
The value of pH and agitation time shows significant interac-
tive effects, which demonstrates that the inhibition is caused
by decrease in pH value. The optimum response value of bio-
gas for 708 l by ANN is close to the experimental value. The
value of the R2 for RSM and ANN is 0.991 and 0.998 respec-
tively. These high values of R2 demonstrate that both models
could be efficiently used for the prediction of biogas yield from
the agricultural waste. The prediction accuracy of ANN is bet-
ter than RSM, because RSM has a structured nature and set-
ting to give useful insight information of interaction between
different variables of the system. ANN is recommended for
future studies that could be directed to study the impact of
the other agricultural waste composition on the operational
parameters as well as on the amount of the biogas generated
from the digester.
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